ABSRACT This paper makes the first attempt to introduce the tools from computer graphics into the art pricing research. We argue that the creation of a painting calls for a combination of conceptual effort and painting effort from the artist. However, as the important price determinants, both efforts are long missing in the traditional hedonic model because they are hard to measure. This paper draws on the digital pictures of auctioned paintings from various renowned artists, and applies the image recognition techniques to measure the variances of lines and colors of these paintings. We then use them as the proxies for the artist"s painting effort, and include them in the hedonic regression to test their significance. Our results show that the variances of lines and colors of a painting can significantly positively explain the sales price in a general context. Our suggested measurements can better capture the content heterogeneity of paintings hence improving on the traditional art pricing methodology. Our approach also provides a quantitative perspective for both valuation and authentication of paintings.
Introduction
Computer graphics is a discipline that studies the representation and manipulation of image data via computer algorithms. We think it is natural to introduce the techniques from computer graphics to investigate the pricing of artworks, especially paintings, since we can now easily access their digital images in most major databases. This paper makes the first attempt to retrieve more concrete information of a painting"s content by handling its image data, and see if it can improve those traditional art pricing models. Our main premise is that a higher level of information in a painting (defined later) tends to imply a more intense artistic effort during its creation; hence it shall be priced higher.
In the art literature, the sales price of a painting is often explained by the multiple factors ranging from painting attributes such as size, material and signature to sales conditions such as year, salesroom and sales location, etc. This approach is named as the hedonic model, which is extensively applied in the analysis of art investment (e.g., Buelens and Ginsburgh, 1993 , Chanel, 1995 and Taylor and Coleman, 2011 .
Within those aforementioned price determinants, the size of the painting is normally found to be a significant explanatory variable to price. For example, Etro and Stepanova (2017) studied a sales sample around 200 years ago and revealed a significantly positive size effect and a negative effect of the square of size to the auction price for the early art market. Anderson et al. (2016) adopted a more recent sample to examine the investment properties of American art. Similarly, they showed that the coefficient of size is significantly positive and that of the quadratic term of size is significantly negative, which demonstrates a decreasing marginal effect of size to the sales price.
This type of size effect is quite intuitive. The larger is a painting, the more effort is needed by the artist to produce, so the higher it shall be priced. Also, the price is not linearly related to the size, because not only the size but also the content of the painting plays a vital role in determining its sales value. To control for the content heterogeneity, many papers introduce the content dummies in the hedonic model. For example, Renneboog and Spaenjers (2013) categorized their sample into eleven groups by the distinct subject matters, and accounted for their influence on the sales price using Topic dummies. 1 This paper argues that the usual topic dummies only give a rather limited description of the painting content. Within the same category, the painting contents, consequently their sales prices can vary greatly. For two equally sized paintings with the same subject matter, the one with just a few sketches must be easier to paint than the one with a more sophisticated composition, so the latter one shall be price higher. The following is a real example.
We notice that two Picasso"s paintings, "Homme À La Pipe Et Nu Couché , 1967" and "Nu Couché , 1967" , have the same physical features (length 146cm, width 114cm and oil canvas).
They were sold in the same year of 2011 in the Sotheby's, London, but the former one obtained 4,801,250 GBP, two times that of the latter (2, 281, 250 GBP) . Both paintings were created in 1967 hence belonging to the same period of Picasso. They also depict the same subject matter. The main difference is that the former contains more human figures than the latter, so it needs more painting effort to produce.
Most literature in art investment, such as Biey and Zanola (2005) , Lazzaro (2006) and Ginsburgh et al. (2019) etc., just use the conventional dummy variables to control for the content heterogeneity (e.g., sceneries, figures, among others). From the above example, we can see that these dummies may be too coarse to effectively differentiate artworks. It demonstrates that we are lack of a more elaborate measurement for the content details of a painting. The main contribution of this paper is to suggest a pair of objective quantitative measurements for the painting"s content based on the tools from computer graphics, and show that they can significantly explain the sales price of the painting in a very general sense.
We hold that the creation of a painting requires a combination of two types of efforts from the artist: the conceptual effort and the painting effort. The latter effort aims to build a physical representation of the former. Little literature has tried to account for these two different types of efforts, probably because they are hard to measure. Drawing on the computer graphic techniques, we try to quantify the artist"s painting effort that is crystalized in a painting"s content. While for the conceptual effort, it will still be hiding in the regression residue as usual.
Notice that a more delicate painting (such as Picture (A) in Figure 2 in Section 2) generally requires more effort to paint once it has been conceptualized. By this logic, we could use the degree of the painting delicacy as a proxy for the artist"s painting effort for a given painting size. Then how to measure the painting delicacy? We argue that since the basic building blocks of a painting are lines and colors, we can define the degree of delicacy as the degree of variations of lines and colors on the painting. Figure 1 in the next section gives a more vivid explanation for such constructions.
Based on the digital image of a particular painting, we can calculate the variances of lines and colors that comprise of the painting, and use them as the measurements for the artist"s painting effort. 2 After obtaining these variances, we could test how they would influence the sales price of the painting via a hedonic regression model. Our benchmark analysis mainly draws on the sales records of the paintings by Pablo Picasso. These paintings were auctioned between the years of 2000 to 2018.
Picasso"s artworks are a constant research topic in the art investment literature (e.g., Czujack et al., 2004 , Forsund et al., 2006 , Pesando and Shum, 2007 and Scorcu and Zanola, 2011 .
One reason is that Picasso is both prolific and revolutionary; his paintings in the market not only constitute a large sample, but also range across diverse styles. Another reason may be that Picasso"s prints are actively traded and fairly liquid so the formation of their prices is highly marketized (Pesando and Shum, 1999 and Biey and Zanola, 2005) .
Our main finding based on the sample of Picasso is that both the variances of lines and colors are significantly positive to explain the sales price of the painting. Our robustness tests extend the analysis to the other artists, e.g., the French impressionism artist Pierre-Auguste Renoir and the Chinese traditional painting artist Baishi Qi. We find our results are fairly robust: the complexity/delicacy of a painting in terms of the variances of its lines and colors is significantly positively related to the painting"s price.
To our knowledge, this paper is the first to introduce the image recognition technique into the artwork pricing research. It reinstates the long missing variables for the traditional hedonic model, which can better explain the heterogeneity of painting contents. Even for the repeated sales model where only the items sold at least twice are considered (e.g., Goetzmann, 1993 , Pesando, 1993 , Mei and Mose, 2002 and Park et al., 2016 , our measurements can also serve as the new controls in order to obtain a more accurate inference.
From a practical point of view, our method can help to identify the different contributions of the painting effort versus conceptual effort to the artwork"s aggregate price formation. The disentanglement of the price influences of these two efforts provides a valuable guidance for the painting"s art history positioning. In addition, our approach may also provide a quantitative perspective on both valuation and authentication of paintings.
The reminder of the paper is organized as follows. Section 2 elaborates on the proposed measurements of the variations of lines and colors of a painting. Section 3 carries out the benchmark regression based on the Picasso sample. Section 4 applies our new measurements to various contexts so as to test the robustness of their efficacy. Section 5 concludes.
Painting effort versus conceptual effort
We first clarify our classification of painting effort versus conceptual effort during the artist"s creation of a painting. Then we explain why the variances of lines and colors are reasonable measurements for the artist"s painting effort.
The creation of a painting
A painting is a form of crystallization of the artistic effort. The artist will compose a painting based upon its building blocks, i.e., lines and colors. The infinitely possible combinations of lines and colors provide an unlimited scope for creative concepts, where a concept dictates a particular kind of arrangement for lines and colors aiming at the transmission of certain meanings/feelings. For example, the innovative Cubism concept at the beginning of the twentieth century breaks up the objects and reassembles in an abstracted form. Contrary to the traditional concept to depict objects from a single viewpoint, Cubism depicts the subject from a multitude of viewpoints so as to represent a physical and psychological sense of the fluidity of consciousness. Developing such concept calls for the conceptual effort from the artist.
Then, the artist will convey her concept/notion to the public through the physical media-the painting. The painting must be crafted by the artist with the relevant techniques using brushes as well as applying colors. We call this painting effort. Obviously, the creation of a painting requires both the conceptual and the painting efforts.
The art literature also provides the evidence for such kind of separation of conceptual versus painting efforts during the production of artworks. For example, Galenson (2009) documented that many renowned artists, such as Rubens, Moholy-Nagy and even Picasso, often ask their assistants to complete the artworks for them after giving their conceptual indications. 3 For most hedonic models, the effects of conceptual and painting efforts on prices are hard to separate since they are normally aggregated into the error term. This paper tries to measure the painting effort quantitatively. By extracting the painting effort/value from the overall price, people can more accurately judge the different contributions of each effort (painting versus conceptual) on the valuation of a particular artwork. Currently such tasks have to rely on the experts" subjective opinions.
Measurements of the painting effort
We will define the variances of lines and colors of a painting, and use them to quantify the variations of these building blocks of the painting. We hold that they can be good proxies for the painting effort of the artist during her production of the artwork.
The following Figure 1 gives a heuristic explanation for the proposed variance measures. The idea is to look at a digital picture at its micro level, i.e., in the form of its basic elements of pixels. At such a level, the lines and colors become dots covering each segment of pixel, and then we can evaluate the variation of these segmental dots. In Figure 1 (A), a line crosses nine consecutive pixels in the left picture; while in the right picture it takes a break after crossing the second pixel, and takes two breaks after crossing the sixth. Obviously, the variation of lines in the right picture is larger. To produce this variation, the initial mental mode of drawing a line must be switched to the mode of a blank, and then resumes to the line mode again. This kind of phase-switching triggers more intense brain activity than just maintaining a constant mental state (i.e., a continuous line).
The above argument can find support from the neuroscientific literature. For example, both Matsuda et al. (2017) and Yokoyama et al. (2018) show that the alpha-power inter-parietal synchronization will be enhanced only when the selected action is switched from a previous action to a different action. So a larger variance of lines in a painting implies more frequent mental phase switching when producing the whole picture, which naturally requires more effort/energy from the artist.
Similar logic/mechanism applies to Figure 1 (B), which depicts different degrees of color variations for the same straight line. The line color in the left picture is a pure red, while in the right an asymptotic red. So the line in the right picture has a larger variance in colors.
Consequently, generating the right line will involve more frequent mental state switching, hence more energy. 4
The following Figure 2 provides an illustrative example of two pictures with apparently different delicacies, i.e., different variances of lines and colors. Based on the variance formula in Appendix A, we can calculate that the variance of lines for the left rooster is two times that of the right. The variance of colors for the left rooster is thirty percent higher than that of the right. So by our measurements, we can claim that the left rooster will require much more painting effort than the right one.
(A) (B)
Figure 2. Two Roosters with Different Delicacies (Variances of Lines and Colors)
Notice that painting effort can also be interpreted as a kind of shadow price of replication.
More sophisticated artworks build higher barriers for imitation (because they need more effort to produce), hence may be priced higher in the market after controlling for the other factors.
The benchmark regression
Our benchmark regression focuses on the paintings by Pablo Picasso that span across all of his artistic stages. Our results show that both the variances of lines and colors of the painting are significantly positively related to the painting"s auction price.
Data and methodology
The data are drawn from the Blouin Art Sales Index (BASI), presently the largest known database of artworks online that provides data on artworks sold at auction at over 350 auction houses worldwide (Korteweg et al., 2015) . We adopt all the records of Picasso"s paintings from year 2000 to 2018 except those without pictures or prices. 5 Each sales record includes such information as the title of the painting, digital image, size, date of creation, materials, date and city of sales, salesrooms, signature and prices, etc. 6 Altogether, we obtain 720 records.
For the robustness analysis, we draw on the auction records of the same period from another two famous artists. One is the French artist Pierre-Auguste Renoir , whose data are also from BASI. The other is the Chinese artist Baishi Qi , and his data are from Artron, from which we exclude those auctioned in mainland China. 7 We wish to further test whether our results hold for artists across different countries and styles.
The following is our benchmark regression of the hedonic model:
The regression includes the usual explanatory variables related to the painting, and our innovation here is to introduce two measurements of painting effort, and , into the model. and calculate the variances of lines and colors for a given painting respectively (see Appendix A for their detailed constructions). is the price of painting i sold as time t, is defined as the set of time-invariant characteristics of painting i (e.g., the size, material and signature). is the set of time varying idiosyncratic attributes (e.g., year dummy) for painting i.
Descriptive statistics
Based on the auction data of Picasso from year 2000 to 2018, we obtain the following summary statistics for all the regression variables in Table 1 . 5 Note that the records before 1997 in BASI do not provide the digital pictures, and the auction records between 1997 and 1999 are very sparse. 6 Note that all the hammer prices are converted into U.S. dollars at the spot exchange rates at the time of sales. 7 The records of Baishi Qi are incomplete in BASI. So we refer to Artron, which is the biggest professional art information release carrier in China (www.Artron.net). To avoid the geographic heterogeneity, we exclude those auction records in mainland China. In Table 1 , Price is the hammer price of the painting sold in the auction denominated in USD.
Line and Color are the variances of lines and colors of the painting. Age is the number of years between a painting"s time of creation and its time of sale. Salesyear is the year when the painting was sold. Surface is the area of the painting, and the two dummy variables, Signature and Dated, represent if the painting is signed or dated by the artist. Other control dummies include Material (painting material), City (auction location) and Salesroom (auction house).
We can see from the above summary statistics that most of the Picasso paintings in our sample are on canvas, sold by either Chrisite"s or Sotheby"s in London and New York.
Regression results
In order to smooth the data, we further logarize Price (Lprice), Line (Lline) and Color (Lcolor). 8 Then we run the cross-sectional regressions with robust standard errors for different model specifications as follows. The results are provided in Table 2 . Our results show that the two measurements of painting effort, the variances of lines and colors, both significantly positively explain the sales price of the painting at 1% level in most model specifications. It proves our premise that when more painting effort is involved during the production of a painting, the painting will be valued higher. The market indeed priced in the painting effort by the artist.
We also observe that the estimated coefficient of the line variance is generally bigger than that of the color variance. So the line, i.e., the contour of the picture, plays a more important role than the color in determining the sales price for Picasso. It reveals the particular value structure for Picasso paintings. Such features, of course, can vary across different artists from different artistic schools.
The quadratic term of Lline is significantly negatively related to the price, which implies a decreasing marginal effect of line variance to the painting value. However, the square of Lcolor shows as insignificant. We hold that it may be due to the fact that the color variances of Picasso paintings in our sample may not have reached their inflection points to prices yet.
So the potential multicollinearity between Lcolor and its quadratic term explains why they are insignificant once put together in the regression.
Other control variables produce the usual results similar as in the related literature. For the detailed regression outputs that include all control variables, please see Appendix B.
Applications of the variance measurements in different contexts
We will apply our new variance measurements of lines and colors of paintings to various contexts so as to test their robustness. Also, we hope they can help to reveal more insights concerning the art pricing patterns by the market.
Picasso paintings at different stages
Our sample includes Picasso"s paintings almost across all stages in his entire career. We follow Czujack (1997) and classify Picasso"s artworks into eight different periods starting from his childhood to the old age. From Table 3 , we can see that the most expensive painting We wish to analyze if the painting effort (i.e., the variations of lines and colors) will have different contributions to the valuation of Picasso"s artworks that were produced in his different artistic stages. For this goal, we divide the sample into eight subsamples based on the period classification in Table 3 , and run a simple cross-sectional regression that includes only the line and color variances as the regressors for each subsample.
We leave out other control variables because some of the subsamples have very few observations. For example, we only have eleven observations for the second period of Blue and Rose. Hence a regression with all controls may lack the enough degree of freedom. Since the observations within each subsample have very similar attributes, it does not cause a serious problem if we leave out other controls. 9
From the subsample regression results in Table 4 , we can obtain some insights on how the market values different types of artworks of Picasso. We can see that the variances of lines and colors are not significant in general to explain the sales price for the first four periods. The surprising result of the second period that the variance of lines negatively affects the price is primarily due to an outlier in this smallest subsample (only eleven observations). This outlier has a large portion of black background that cracked due to the time. These cracks are considered as lines by our algorithm since our graphic calculation is completely based on its digital image, which consequently overestimates the line variance. 10 The coefficient becomes insignificant once this outlier is eliminated from the subsample.
Overall, the painting effort measurements seem to be unrelated to the extremely high values of these paintings in Picasso"s first four periods. In his young ages (Period one to two), most of his traded paintings largely follow the impressionistic trend at the time. The values of such artworks are generally not based on the variations of lines and colors, rather on the so-called artistic impression from the painting. 11 9 We also test by introducing more control variables, and the results in Table 4 are very robust.
In the subsequent Period three to four, Picasso started to develop his own revolutionary styles that deform and reassemble the objects. It is not hard to comprehend that the values of these paintings rest mostly upon the conceptual/notional effort rather than the actual painting effort.
In Picasso"s later years, he applied his early invented styles to more extended scenarios, such as personal life, war, and political events, etc. Consequently the conceptual values of these paintings start to decrease, and the painting effort becomes more and more significant in differentiating these artworks. It seems our analysis can provide a quantitative guideline for the valuation of Picasso"s dynamic styles throughout his career.
Artists across different countries and styles
We next try to see if our suggested measurements also work for artists from other countries and other painting styles. So we further analyze the sales records for the French impressionism master Pierre-Auguste Renoir, and the traditional Chinese painting master Baishi Qi. We choose them because both are the major representatives for their distinct art schools, and the numbers of their auction records are also large enough for robust inferences.
We obtain 1,476 auction records for Baishi Qi from Artron, and 1,147 records for Pierre-Auguste Renoir from BASI. Please see Appendix B for the summary statistics of these two artists. We only provide their regression outputs in the following Table 5 . We can see that both the variances of lines and colors are significantly positively related to the auction price for Baishi Qi. Here the painting effort does influence the valuation of traditional Chinese portraits. While for Pierre-Auguste Renoir, only the estimated coefficient of the variance of colors is significantly positive. Given the impressionistic nature of his paintings, this result is not surprising. We have known that colors have their own meanings that can evoke corresponding emotions (Valdez and Mehrabian, 1994) . Hence they play a crucial role in impressionism for the artist"s pictorial expression. 12 If we further test the combined sample of all three artists, i.e., Pablo Picasso, Pierre-Auguste Renoir and Baishi Qi together, we find that our results are fairly robust: the variations of lines and colors of their paintings are both significantly and positively related to the prices.
Cross effect
Finally, we wish to investigate if the pricing of a painting considers the interaction between the variances of lines and colors, and if the variances of lines and colors also interact with other attributes of the painting.
We carry out the test of cross effect mainly based on the auction data of Picasso, and the following Table 6 provides the results from various model specifications. Both the variances of lines and colors still remain significant, but their cross term is insignificant. It implies that the variations of lines and colors contribute to the pricing of Picasso paintings in a rather independent way.
It is not surprising to see that the variances of lines and colors interact with other painting attributes, notably the size of the painting. The contributions of the variances of lines and colors to the painting price both decrease with the painting size. From this result, we learn that a larger painting may actually value its content complexity even less.
Further robustness analysis with the sample of Chinese traditional paintings by Baishi Qi shows a similar negative relationship between the size and the content complexity (see Table   B5 in Appendix B). However, the estimated coefficient of the interactive term between the variances of lines and colors turns out to be significantly positive there. It implies that the variances of lines and colors are mutually reinforcing to their influence on the prices of Chinese traditional paintings.
We understand that the paintings of Picasso and Baishi are of completely different genres.
From their summary statistics, we can see that the mean values of variances of lines and colors of Baishi are both smaller than those of Picasso. In general, Chinese traditional paintings have relatively simpler contour and hue composition, because they emphasize more on expression rather than on realism. So the marginal effect of the variations of lines and 12 Notice that the result of Renoir here is different from that of Monet (as noted in footnote 11). Renoir is considered as more classically impressionistic hence the variances of colors of his paintings still significantly affect the sales prices. While Monet is considered as more absolutely impressionistic hence neither variance of lines nor colors is significantly related to the value of the painting. colors to each other can be significantly increasing. 
Conclusion
The above analysis demonstrates that introducing computer graphics into the art pricing research can be valuable. We argue that the creation of a painting calls for a combination of conceptual effort and painting effort from the artist. Consequently, both efforts shall constitute the important price determinants. However, they are two long missing variables in the traditional hedonic model, primarily due to the fact that they are hard to measure. This paper applies the image recognition techniques to the digital pictures of the auctioned paintings from various famous artists, and calculates the variances of lines and colors that comprise of these paintings. We propose that these variances can act as the good proxies for an artist"s painting effort during her composition. So they shall be brought into the hedonic model. We then test their significance in different contexts. Our results prove the robustness of the line and color variances in explaining a painting"s market value.
This research for the first time tries to quantify the information content of a painting with tools from computer graphics. The suggested variance measurements can better capture the content heterogeneity of paintings hence improving on the traditional art pricing methodology.
Also, our approach can help identify the core value of an artwork (conceptual versus painting) from a quantitative perspective, complementing the usual subjective art appraisals by experts.
As a first attempt to combine computer graphics and art pricing, our suggested measurements still need further refinements in the future studies. For example, besides the line and color variances, we may consider other quantitative indicators that can account for the distance or symmetry of forms for a painting. Furthermore, we can extend our measurements to higher dimensions, e.g., the three-dimension. Then we can also study the pricing of other types of artworks, such as sculptures or even architectures.
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Appendix A

The calculation of variances of lines and colors for a painting
The two basic building blocks of a painting are its composing lines and colors. For a more complex painting, it involves more variations of lines and colors. Hence it may cost more effort for the artist to produce. We obtain the digital images of auctioned paintings from various artists, and try to find the numerical measurements for the variations of each painting"s lines and colors.
The basic unit of a digital image is called pixel. More pixels in a given area imply a higher resolution of the image. The resolution is determined by the numbers of pixels in both horizontal and vertical directions. In Figure A1 , if we enlarge the crossing point of two lines in a picture (Picture A), we can see that they are actually made up of pixels of white and black (Picture B). Each pixel can be characterized by its unique hue and location in an image. The arrays of pixels constitute lines, and the combinations of hues form colors. So our goal is to use the variances of lines and colors of a painting as measurements for the complexity of the painting content hence the painting effort by the artist.
The hue of a pixel can be described by a RGB system, where RGB stands for the proportions of three primary colors, red, green and blue, in a pixel respectively. For example, RGB (0,0,0) means the proportions of red, green and blue are all 0%, so the pixel is black. While, RGB
(1,1,1) indicates the proportions of three colors are 100%, then the pixel shows as white.
I. The variance of lines
In order to obtain the variance of lines of a painting, we need to follow three steps as illustrated in Figure A2 .
First, we convert a colorful picture into a gray one via the floating-point algorithm. 13 In Figure A2 , we can see that the black and white Picture B is produced by this algorithm from the original colorful Picture A.
Second, we apply the edge detection method to obtain the image"s line structure attribute. 14 Picture C in Figure A2 is generated from Picture B by the edge detection algorithm.
Finally, the variance of lines, in Equation (1), is calculated based on the grayscales of those edges after the edge detection treatment according to the following formula: 
II. The variance of colors
Similarly, the variance of colors, in Equation (1), can be defined as the variance of the hue values of all pixels in the image of a painting. As we describe above, the hue of a pixel can be characterized by a three-dimensional RGB system. While, the hue value is a one-dimensional degree number that is reduced from the RGB to specifically represent the unique color of a given pixel.
The hue value is defined to range from 0° to 360°, starting from the red and go in an anticlockwise direction. Red is 0°, green is 120°, and blue is 240° and so on. Let R,G,B be the three proportion numbers in the RGB system, and max and min be the maximum and minimum of R, G, and B, then the hue value of a pixel can be defined by the following formula:
Then the variance of hue values can be defined as:
is the hue value of pixel i from formula (A2) and is the average of all the hue values of pixels and N is the total number of pixels in the painting image.
Appendix B
Tables with more detailed outputs 
